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Chapter 2

Hybrid Methods of Machine Learning: 
Taxonomies, Architectures, and Optimization 

Ülker Başar1

Abstract

Although machine learning models have found a wide range of applications in 
the literature, being used in pattern discovery, predictive modeling, and decision-
making processes in complex data spaces, single algorithms do not possess a 
universal theoretical and algorithmic superiority across all problem spaces, as 
mathematically emphasized by the “No Free Lunch” theorem (Wolpert and 
Macready, 1997). Therefore, hybrid machine learning approaches, which aim to 
increase generalization power, reduce the risk of getting stuck in local minima, 
and enhance model robustness by integrating the mathematical, statistical, and 
computational advantages of different learning paradigms, have been gaining 
increasing attention in recent years.

This book chapter is structured as a comprehensive literature review addressing the 
theoretical development of hybrid machine learning methods through the lens of 
taxonomies, computational architectures, and optimization strategies. The study 
systematically synthesizes leading and current work in the field, delving deeply 
into the variance and bias-reduction effects of ensemble learning approaches 
(bagging, boosting, stacking) and the conceptual integration of symbolic and 
sub-symbolic methods. Furthermore, sequential, parallel, and hierarchical hybrid 
architectures are analyzed with respect to information transfer among component 
models, deep feature fusion mechanisms, and coupling levels. In addition, the 
integration of metaheuristic algorithms, such as Genetic Algorithms (GA) and 
Particle Swarm Optimization (PSO), with machine learning is discussed, with 
approaches proposed in the literature for hyperparameter space exploration, 
dynamic feature selection, and loss function optimization. This chapter aims to 
go beyond a purely performance-oriented review and provide a contemporary 
theoretical reference that highlights how hybrid systems overcome fundamental 
limitations, including the balance between bias and variance, interpretability and 
verification, and computational complexity.

1	 Asst. Prof. Dr., Istanbul Esenyurt University, Faculty of Business and Administrative Sciences, 
Department of Management Information Systems, ulkerbasar@esenyurt.edu.tr, 0009-0000-
6720-4161.
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1. Introduction 

Machine learning models have revolutionized the literature by finding wide 
application in pattern discovery, predictive modeling, and decision-making 
processes in complex data spaces. However, none of these data-driven singular 
algorithms possesses universal theoretical and algorithmic superiority across all 
problem spaces. This fundamental limitation is mathematically confirmed by 
the “No Free Lunch” theorem (by Wolpert and Macready, 1997). While deep 
learning networks or traditional statistical models can achieve high accuracy 
on certain data architectures, the conceptual and computational limitations 
of these paradigms become apparent when faced with noisy data, limited 
sample sizes, and non-linear (non-convex) NP-hard optimization scenarios.

To overcome these theoretical bottlenecks, Hybrid Machine Learning 
(HML) approaches, which synergistically synthesize the mathematical, 
statistical, and algorithmic advantages of different learning paradigms, have 
become central to modern computer science. The primary goal of hybrid 
systems is not merely to provide an empirical performance increase; the main 
objective is to enhance generalization capacity, minimize the risk of getting 
stuck in local minima during optimization, and maximize model robustness. 
In doing so, the variance and bias dilemmas of predictive models are balanced, 
while the “black box” nature of data-driven models is made more transparent 
and verifiable through rule-based or meta-heuristic approaches.

This section presents the theoretical evolution of hybrid machine learning 
methods through a systematic literature synthesis, focusing on taxonomies, 
computational architectures, and optimization strategies. To achieve this 
fundamental goal, the following sections of the introduction will sequentially: 
construct the theoretical foundation by examining the practical implications of 
the “No Free Lunch” theorem; discuss the increasing complexity of modern 
data spaces and the violated assumptions of singular models; then, explain 
why hybrid approaches are a necessity to overcome these bottlenecks through 
four main integration categories; and finally, detail the theoretical contribution 
and scope of this study to the literature.

1.1. Pedagogical Interpretation of the “No Free Lunch” Theorem: 
The Impossibility of a Single Superior Model

The No Free Lunch (NFL) theorems formalize a striking truth about the 
nature of optimization and learning algorithms: when performance is averaged 
across all possible problems, no algorithm can be superior to another (Wolpert 
& Macready, 1997). In other words, when no prior knowledge of the problem 
distribution is available, there is no universally “best” learner or optimizer. In 
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this section, we offer a pedagogical interpretation of this theorem, treating 
it not as a limitation in machine learning practice but as a guide explaining 
the necessity of hybrid models.

At the heart of the theorem lies the “averaging principle”: the expected 
performance of an algorithm on the entire possible problem space is the same 
as that of any other algorithm. This is similar to choosing a toolbox without 
knowing what the job is; a hammer is not “better” than a screwdriver, they are 
simply designed for different tasks (Wolpert & Macready, 1997). In machine 
learning, algorithms are effective for specific problem structures (e.g., linearity, 
low dimensionality, convexity, etc.). Therefore, high performance achieved 
by an algorithm on a particular benchmark dataset cannot be interpreted as 
its universal superiority; rather, it demonstrates the compatibility between 
the algorithm’s assumptions and the dataset’s structure. This highlights the 
challenges of attempting to solve problems from different domains with the 
same algorithm (Kotary et al., 2021).

Based on this theoretical framework, we can say that successful real-world 
applications stem not from an intrinsic superiority of algorithms, but from 
domain knowledge and constraints successfully adapted to the problem 
structure. For example, the hybrid model (Stacked AutoEncoder + PSO + 
Softmax) developed by (Bülbül and Işık, 2024) for predicting survival after 
a heart attack is successful thanks to a preprocessing (SAE) and optimization 
(PSO) strategy that takes into account the high-dimensional and noisy nature 
of medical data, while a pure Softmax classifier may be insufficient for the same 
problem. Similarly, Cross-Entropy (CE) based methods developed to solve 
the hybrid pre-coding problem in millimeter-wave communication systems 
(Li et al., 2019; Gao et al., 2017) do not carry either the computational 
overhead of a pure optimization algorithm (full search) or the inadequacy 
of a pure learning model in modeling hardware constraints. These examples 
demonstrate the practical echo of the NFL theorem: Success lies in the fit 
between the algorithm and the problem, i.e., often in hybridization.

This pedagogical interpretation transforms the NFL theorem from a mere 
“impossibility” into a “roadmap” for the machine learning designer. It teaches 
us that, instead of searching for the single best algorithm, we should analyze 
the problem’s constraints and design hybrid architectures that combine the 
strengths of different algorithms. This understanding leads us to the question, 
which we will examine in the next subsection, of why hybrid models have 
become a necessity, not just a preference, in the face of the ever-increasing 
complexity of today’s data.
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1.2. The Increasing Nature of Complexity: Violated Assumptions 
and the Limitations of Singular Models

In the previous section, the pedagogical interpretation of the “No Free 
Lunch” (NFL) theorem demonstrated the futility of seeking a universally 
superior model. However, this theoretical framework raises a far more pressing 
question in practice: By what concrete mechanisms do today’s real-world 
problems make the failure of singular models inevitable? The answer lies in the 
increasing complexity of modern data and problems. This chapter examines 
how this complexity systematically violates the fundamental assumptions 
of classical machine learning models and how these violations sharpen the 
limitations of singular approaches. This analysis will provide the fundamental 
rationale for why hybrid architectures have become a necessity rather than 
a preference.

1.2.1. Assumptions in Violation: The Anatomy of Complexity

To understand why singular models fail, we must first dissect the specific 
assumptions that modern data systematically violates. The complexity of real-
world problems manifests across interrelated yet distinct dimensions. Each 
of these dimensions weakens or completely invalidates the assumptions that 
enable the success of individual models.

Most machine learning models assume that training and test data come from 
the same distribution (IID assumption). As the NFL theorem points out, no 
algorithm can establish universal superiority without prior knowledge of the 
problem distribution (Wolpert & Macready, 1997). In practice, this means 
that data distributions in fields such as finance, healthcare, or engineering can 
change over time (concept drift) or enter unexpected regimes. Relying on a 
single model risks a sharp drop in performance in the face of distributional 
shift or contextual patterns not represented in the training set (Wolpert & 
Macready, 1997; Badran et al., 2020; Labbani et al., 2023).

Single models typically assume an immutable data structure and carry fixed 
inductive biases (e.g., a specific kernel structure, a predetermined architecture, 
or a fixed feature preprocessing process) that conform to this structure. As 
problem complexity increases, the fit between these fixed biases and the 
actual data generation mechanisms deteriorates, increasing the risk of model 
misspecification (Kotary et al., 2021; Bülbül & Işık, 2024). This can lead to 
overfitting to a narrow family of problems or weaken the ability to generalize 
(Gao et al., 2017; Ding et al., 2011).

Purely data-driven models tend to ignore physics, governance, or operational 
constraints critical to robust performance, such as hardware constraints in 
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millimeter-wave communication systems (Li et al., 2019), safety frameworks 
in clinical decision-making processes (Bülbül & Işık, 2024), or conservation 
laws in physical processes. NFL-based arguments show that learning without 
domain knowledge can explore unrealistic regions of the solution space and 
fail in practice (Li et al., 2019).

In many applied fields, such as fraud detection, biomedical prediction, 
or industrial anomaly detection, data are unbalanced, with few samples for 
some classes, or highly heterogeneous across subdomains (Bülbül & Işık, 
2024). As NFL points out, the same algorithm may perform well in some 
subpopulations while performing poorly in others; this contradicts the idea 
of ​​a universally superior model (Kumar et al., 2023).

Real-world deployments impose strict limitations on training time, energy 
consumption, and data throughput. Models that demand extensive training 
resources or massive labeled datasets often become impractical under these 
constraints (Bülbül, 2023).

1.2.2. Limitations of Singular Models: Consequences of 
Assumption Violations

These violations are not merely theoretical; they manifest as concrete 
limitations that cripple the performance of singular models in practice. These 
assumption violations bring with them a number of fundamental limitations 
that singular models encounter in complex systems:

Singular models encoding a single inferential bias fall short of optimality 
when problems exhibit structures that vary across tasks or regimes (Labbani 
et al., 2023). Hybrid approaches accommodate this diversity by designing 
components tailored to sub-problems, using ontologies, prior knowledge, 
and modular design (Li et al., 2019).

As highlighted by the NFL, a performance advantage in one problem 
class does not transfer to all other classes without prior knowledge of the 
problem distribution. This explains why hybrid models incorporating domain 
knowledge (physics, ontologies, regulatory constraints) generalize better to 
heterogeneous data (Wolpert & Macready, 1997; Labbani et al., 2023).

Complex systems often require balancing multiple criteria such as accuracy, 
energy efficiency, latency, and interpretability. Single-model optimization for 
a single objective falls short when trade-offs change. Hybrid architectures 
frequently integrate multi-objective optimization and hardware awareness 
to navigate such trade-offs (Zhou & Xie, 2025).
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When models need to operate in safety, critical or high risk areas, 
explainability and uncertainty reasoning are vital. Hybrid approaches that 
combine uncertainty methods (e.g., Dempster-Shafer theory) or interpretable 
surrogate models with ML components provide more robust decision support 
compared to opaque single-model systems (Hu et al., 2019).

1.2.3. The Rise of Hybrid Architectures as a Solution

Having diagnosed the limitations, we now turn to the cure: how hybrid 
architectures are specifically designed to overcome each of these shortcomings. 
The limitations listed above illustrate that single models alone are insufficient. 
Hybrid machine learning (HML) offers a range of strategies that address 
these breached assumptions and overcome the limitations:

By breaking problems down into subtasks and assigning an appropriate 
model or ontology to each subtask, modular hybrids reduce the burden of 
a single inferential bias and increase the ability to adapt to domain-specific 
structures (Labbani et al., 2023). Physics-based or knowledge-driven hybrids 
require known relationships and constraints. This increases model robustness 
even when data is sparse or noisy (Das & Winter, 2016). Replacing expensive 
evaluations with surrogate estimators and incorporating hardware constraints 
into the search space helps navigate large and complex problem spaces while 
respecting practical limits (Eslami et al., 2022). Hybrid methods often utilize 
evolutionary strategies, PSO, and GA/SA hybrids to address the combinatorial 
explosion of possible designs and mitigate the risk of suboptimal fixed choices 
(Eslami et al., 2022). Methods that combine evidence-theoretic fusion or 
ensemble approaches with ML reduce uncertainty and provide more robust 
estimates under data scarcity or conflicting signals (Kumar et al., 2023; Hu 
et al., 2019).

1.2.4. Implications for Research and Application

Based on this analysis, some practical guidelines can be derived for 
researchers and practitioners who want to design robust hybrid systems:

	• Start with Problem-Aware Prior Knowledge and Modular Design: Create 
a task decomposition compatible with domain knowledge and identify 
areas where ML will add value (representation learning, prediction), 
while also defining areas where prior knowledge should restrict or 
guide learning (Labbani et al., 2023).

	• Use Surrogate Models and Hardware-Aware Goals to Manage Complexity: 
Use surrogate estimators to efficiently eliminate candidates when 
exploring large design spaces; explicitly encode hardware or domain 
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constraints into optimization goals to avoid impractical or suboptimal 
designs (Eslami et al., 2022).

	• Encourage Multi-Objective Optimization and Uncertainty Management: 
Integrate multiple objectives and uncertainty reasoning (e.g., evidential 
methods) to balance competing demands (accuracy, energy, delay, 
interpretability) across tasks and enhance reliability (Gao et al., 2017; 
Hu et al., 2019).

	• Prioritize Diverse Benchmarks and Cross-Domain Validation: To counteract 
NFL influences, evaluate hybrids on representative distributions and 
multiple benchmarks. This helps ensure robustness across a broad range 
of problems and highlights the role of prior knowledge in generalization 
(Wolpert & Macready, 1997; Bulbul & Isik, 2024).

In summary, the multidimensional complexity of today’s data and problems 
systematically violates the fundamental assumptions of singular models, 
rendering them inadequate in practice. This diagnosis leads to an unequivocal 
prescription: hybridization. Hybrid machine learning offers the conceptual 
and methodological tools necessary to repair these violations, overcome 
limitations, and generate robust, reliable, and efficient solutions to the complex 
demands of the real world. With this foundation laid, the following chapters 
will shift from the ‘why’ to the ‘how,’ providing a detailed taxonomy of hybrid 
architectures and the optimization strategies that power them.

2. Taxonomy of Hybrid Methods

Hybrid machine learning (HML) is not simply a random combination of 
different algorithms, but a structured integration process serving a specific 
theoretical purpose. To systematically understand the successful applications 
presented in the literature, it is necessary to categorize these systems along 
“integration axes.” In this section, HML systems will be examined using a 
three-dimensional taxonomy defined by what is being combined (Integration 
Target), why it is being combined (Driving Objective), and where this 
combination is located in the architecture (Architectural Locus).

2.1. Why Hybrid? A Bias-Variance Perspective

The previous chapter dissected the multidimensional complexity of modern 
data, revealing how it systematically violates the assumptions of singular 
models. But how does this violation translate into model failure? The answer 
lies in the fundamental decomposition of prediction error, a concept formalized 
in the bias-variance trade-off. This section argues that the primary reason 
hybrid architectures succeed where singular models fail is their unique ability to 
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navigate, and often transcend, this trade-off. By combining multiple learning 
paradigms, hybrid systems can simultaneously address the two primary sources 
of error bias and variance that singular models are forced to balance against 
each other.

Any predictive model’s error on unseen data can be decomposed into three 
fundamental components: bias, variance, and irreducible noise. Bias measures 
the error introduced by approximating a real-world, often highly complex 
problem with a simplified model. A linear model, for instance, exhibits high 
bias when tasked with learning a non-linear relationship; it simply lacks the 
capacity to capture the underlying pattern, leading to systematic underfitting. 
Variance, on the other hand, measures the model’s sensitivity to the peculiarities 
of a particular training dataset. A deep, unpruned decision tree has high 
variance; it may perfectly memorize the training data, including its noise, 
but will fail to generalize to new samples, a classic case of overfitting (Gao 
et al., 2017). The classical bias-variance trade-off posits that decreasing one 
often comes at the cost of increasing the other. The art of building a singular 
model lies in finding the delicate balance that minimizes total error.

Figure 2.1. The Bias-Variance Trade-off

A singular model is defined by a fixed inductive bias and a specific capacity, 
whether it be the depth of a tree, the degree of a polynomial, or the number 
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of layers in a neural network. This fixed capacity anchors it to a specific point 
on the bias-variance spectrum. A low-capacity model, such as a shallow tree, 
will exhibit high bias, failing to capture intricate patterns in complex, high-
dimensional data, as in the medical study described by (Bülbül and Işık, 
2024). Conversely, a high-capacity model, such as a deep neural network, 
while possessing low bias, becomes susceptible to high variance. It risks 
overfitting to noise and spurious correlations in the training data, a critical 
flaw in safety-critical domains such as industrial anomaly detection (Terbuch 
et al., 2023). The singular model is thus trapped in a zero-sum game: it can 
only improve one source of error at the expense of the other.

Hybrid architectures, particularly ensemble methods, offer a way out of 
this trap by decoupling the management of bias and variance. Instead of 
relying on a single model, they combine multiple models, each with its own 
inductive bias, to achieve a balance that no individual component can achieve.

Bagging (e.g., Random Forests) primarily targets variance. It trains 
numerous high-variance models (like deep decision trees) on bootstrap samples 
of the data and averages their predictions. While each individual tree may 
overfit and be highly sensitive to its specific training sample, the aggregated 
prediction smoothes out this volatility, drastically reducing variance without a 
significant increase in bias (Gao et al., 2017). This makes bagging particularly 
effective for complex, high-dimensional data where overfitting is a primary 
concern.

Boosting (e.g., AdaBoost, Gradient Boosting), in contrast, focuses on 
reducing bias. It sequentially trains a series of weak, high-bias learners (such 
as shallow trees), with each new model concentrating on the mistakes of 
its predecessor. This iterative process gradually builds a powerful, low-bias 
ensemble from simple components. This approach is well-suited for problems 
with intricate underlying structures that a single simple model cannot capture.

Stacking (Stacked Generalization) takes a different tack by combining 
heterogeneous models. It trains a diverse set of base learners (e.g., an SVM, 
a decision tree, and a neural network) and then uses a meta-learner to learn 
the optimal way to combine their predictions. The hybrid model proposed 
by (Bülbül and Işık, 2024) which uses a Stacked Autoencoder for feature 
learning (a form of representation bias reduction) and a PSO-optimized 
classifier can be viewed through this lens, where different components handle 
different aspects of the error.
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Table 2.1. Comparison of Key Ensemble Methods

Feature Bagging Boosting Stacking

Primary Target Variance Reduction Bias Reduction Both (through 
model diversity)

Model Type Homogeneous 
(typically of the 

same type)

Homogeneous 
(typically of the 

same type)

Heterogeneous 
(different types)

Training Method Parallel 
(independent)

Sequential 
(dependent)

Parallel (base) + 
Sequential (meta)

Example Algorithm Random Forest AdaBoost, Gradient 
Boosting

Blending, Super 
Learner

Bias Effect Invariant (fixed) Decreases Combines the 
strengths of the 

models

Variance Effect Decreases May increase if not 
controlled

Balanced

Beyond ensemble methods, hybrid systems also leverage metaheuristic 
optimization to directly search for model configurations that strike the 
optimal bias-variance balance for a given task. A neural network’s capacity 
and thus its position on the bias-variance spectrum is determined by its 
architecture (number of layers, neurons) and hyperparameters (learning 
rate, regularization). Fixed, manually chosen configurations are unlikely to 
be optimal.

Metaheuristics such as Particle Swarm Optimization (PSO) and Genetic 
Algorithms (GA) provide a powerful mechanism for navigating this complex 
configuration space. They can optimize a network’s weights (Ding et al., 2011), 
its architecture or even the placement of hyperparameters within the network 
(Akl et al., 2019). By treating model design as an optimization problem, 
these hybrid approaches can discover architectures that are complex enough 
to capture the true signal (low bias) yet regularized enough to exhibit low 
variance (resistant to noise). As (Bülbül, 2023) demonstrates, a Gray Wolf 
Optimizer can effectively tune a Multi-Layer Perceptron, implicitly guiding 
it towards a more favorable error profile than a default or manually-tuned 
version could achieve.

In essence, the bias-variance perspective reveals why hybridization is not 
merely a pragmatic trick but a theoretically grounded necessity. Singular 
models are constrained by a zero-sum game between bias and variance. Hybrid 
systems, whether through ensemble methods like bagging and boosting or 
through metaheuristic-driven architecture search, break these constraints. They 
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manage the two sources of error more independently, building models that 
can be both complex enough to learn intricate patterns and robust enough 
to generalize to new data. Having established the why, the following section 
shifts focus to the what, providing a taxonomy that categorizes hybrid methods 
based on what they integrate, why they integrate it, and where in the learning 
pipeline this integration occurs.

2.2. A Taxonomy of Hybrid Methods

Having established the theoretical necessity (Section 1.1), the practical 
urgency (Section 1.2), and the mechanistic advantage (Section 2.1) of hybrid 
machine learning, a crucial question emerges: How do we systematically 
categorize the vast and diverse landscape of hybrid approaches? The literature 
presents a multitude of hybrid designs, each tailored to specific problems 
and paradigms. Without a coherent taxonomy, comparing these methods, 
understanding their trade-offs, and selecting the appropriate architecture for 
a new problem becomes a daunting task. This section proposes a taxonomy 
organized along three primary axes; the integration target (what is being 
hybridized), the driving objective (why the hybridization is performed), 
and the architectural locus (where in the learning pipeline the hybridization 
occurs). This framework, synthesized from representative works in the field, 
provides a conceptual map to navigate the hybrid ML landscape.

The proposed taxonomy rests on three fundamental questions about any 
hybrid system:

1)	What is being hybridized? : Does the system combine different 
learning paradigms (e.g., symbolic and sub-symbolic), learning with 
optimization, or machine learning with domain knowledge?

2)	Why is the hybrid used? : Is the goal to improve predictive accuracy, 
enforce physical constraints, accelerate computation, enhance 
interpretability, or enable learning under limited data?

3)	Where does hybridization occur?: Is the integration at the data level, the 
model level (parallel, sequential, or hierarchical), or the optimization 
level (e.g., metaheuristic-guided search)?

The following subsections elaborate on these axes with concrete examples 
from the literature, highlighting how different combinations yield distinct 
families of hybrid methods.
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2.2.1. Optimization-Learning Hybrids (Learning to Optimize)

This family of hybrids integrates machine learning components directly 
into traditional optimization pipelines. The core idea is to use data-driven 
models to predict intermediate information or heuristics that can accelerate 
combinatorial solvers, such as branching and cutting rules in Mixed-Integer 
Programming (MIP) solvers (Kotary et al., 2021).

	• Integration Target: Machine learning models (e.g., neural networks) + 
combinatorial optimization solvers (e.g., MIP, constraint programming).

	• Driving Objective: To obtain fast, approximate solutions to otherwise 
intractable combinatorial problems and to enable structural inference 
by leveraging learned priors for solver components. The goal is to 
combine the pattern-recognition capabilities of ML with the rigorous 
constraint satisfaction of optimization.

	• Architectural Locus: The ML component is embedded within the solver’s 
loop, guiding search, pruning, or heuristic selection. This creates a 
feedback loop where the solver’s performance informs the learning 
process.

	• Example: (Kotary et al., 2021) survey end-to-end constrained 
optimization learning frameworks, where a model learns to predict 
optimal solutions or useful heuristics, which are then refined by a 
differentiable optimizer. In wireless communications, (Li et al., 2019) 
and (Gao et al., 2017) use learning-augmented Cross-Entropy methods 
to guide discrete decisions in hybrid precoding, achieving near-optimal 
spectral efficiency with drastically reduced computational cost.

2.2.2. Hardware-Aware and Wireless System Hybrids

A specialized but highly impactful class of hybrids emerges from engineering 
domains where learning must operate under strict physical and hardware 
constraints. These systems jointly design neural architectures and optimization 
methods to solve problems in which the solution space is constrained by 
real-world limitations.

1)	 Integration Target: Machine learning modules (for prediction or feature 
extraction) + hardware-aware optimization algorithms (e.g., Cross-
Entropy, heuristic search) + physical system models.

2)	 Driving Objective: To reduce hardware complexity and computational 
burden while achieving high performance (e.g., spectral efficiency). The 
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hybrid must respect constraints such as low-resolution ADCs, limited 
RF chains, or power budgets.

3)	 Architectural Locus: End-to-end ML modules are embedded within 
physical-layer optimization loops. Stochastic optimization techniques 
(such as CE) are often used to guide discrete decisions that are not 
differentiable.

4)	 Example: (Li et al., 2019) tackle hybrid precoding in mmWave MIMO 
systems. Their approach uses a CE-inspired method to search for optimal 
precoder/combiner configurations under hardware constraints, achieving 
superior spectral efficiency compared to both pure optimization 
(exhaustive search is too costly) and pure learning (which may ignore 
hardware limits).

2.2.3. Quantum-Classical Hybrid Learning Systems

The emergence of quantum computing has given rise to a novel class of 
hybrids that integrate parameterized quantum circuits (PQCs) with classical 
architectures. These systems aim to leverage the potential advantages of 
quantum computation for specific learning tasks while relying on classical 
methods for control and optimization.

1)	 Integration Target: Parameterized quantum circuits (PQCs) + classical 
neural networks or optimization algorithms + architecture search 
mechanisms.

2)	 Driving Objective: To exploit potential learning advantages of PQCs 
for certain tasks (e.g., reinforcement learning, chemistry simulations) 
while mitigating the effects of quantum noise, decoherence, and limited 
qubit counts. Architecture search aims to balance learning performance 
against quantum resource constraints.

3)	 Architectural Locus: An outer optimization/search loop (classical) guides 
the design of the PQC, with inner evaluations performed on quantum 
hardware or simulators. This often resembles Neural Architecture Search 
(NAS) but with quantum-specific considerations.

4)	 Example: Ding and Spector (2023) introduce MEAS-PQC (Multi-
Objective Evolutionary Architecture Search for Parameterized Quantum 
Circuits), a framework that evolves PQC architectures to optimize for 
both task performance and robustness to quantum noise, explicitly 
acknowledging the hardware reality of near-term quantum devices.
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2.2.4. Neural Architecture Search (NAS) and Hyperparameter 
Optimization Hybrids

This category addresses the meta-problem of designing the learning system 
itself. Hybrid approaches here combine search strategies (evolutionary, Bayesian, 
gradient-based) with surrogate models and performance predictors to navigate 
the combinatorial explosion of possible architectures and hyperparameters.

1)	 Integration Target: Search algorithms (e.g., evolutionary strategies, 
PSO, Bayesian optimization) + performance estimation methods (e.g., 
surrogate models, weight sharing) + the architecture/hyperparameter 
space itself.

2)	 Driving Objective: To automate the discovery of high-performing neural 
network architectures and their associated hyperparameters, reducing the 
need for manual, expert-driven design and improving sample efficiency.

3)	 Architectural Locus: The hybridization occurs in the search loop. A 
search strategy proposes candidate architectures, a surrogate model or 
fast evaluator estimates their performance, and the results guide the 
next generation of candidates.

4)	 Example: (Eslami et al., 2022) propose learning a unified latent space 
for NAS, leveraging structural and symbolic information to improve 
search efficiency. (Bülbül, 2023) uses a Gray Wolf Optimizer to tune a 
Multi-Layer Perceptron for medical diagnosis, while (Akl et al., 2019) 
explore the novel concept of optimizing not just hyperparameter values 
but also their positions within a deep network.

2.2.5. Data-Driven and Physics/Medical-Informed Hybrids

In domains like healthcare and engineering, pure data-driven models often 
struggle due to data scarcity, noise, or the need for safety-critical guarantees. 
This family of hybrids explicitly incorporates domain knowledge, such as 
physical laws, clinical guidelines, or ontologies, to constrain and guide the 
learning process.

1)	 Integration Target: Data-driven models (e.g., autoencoders, neural 
networks) + domain knowledge representations (e.g., physics-based 
equations, ontologies, expert rules, Key Performance Indicators) + 
optimization algorithms (e.g., PSO for tuning).

2)	 Driving Objective: To leverage the pattern recognition strengths of 
ML while ensuring that predictions remain consistent with known 
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domain constraints, thereby improving robustness, interpretability, and 
generalization, especially under limited data regimes.

3)	 Architectural Locus: Modular pipelines where learned representations 
are combined with knowledge-derived features, or where domain 
constraints are encoded into the loss function or optimization process.

4)	 Example: (Bülbül and Işık, 2024) combine Stacked Autoencoders for 
representation learning with PSO-optimized classifiers for survival 
prediction, implicitly using medical domain knowledge to structure the 
problem. (Das and Winter, 2016) develop a hybrid knowledge-driven 
framework for GPS trajectory classification that integrates ontological 
rules with data-driven components. (Losada and Terranova, 2024) 
bridge pharmacology and neural networks using Neural Ordinary 
Differential Equations (Neural ODEs) that embed pharmacological 
knowledge into the learning process.

2.2.6. Hybrid Time-Series Anomaly Detection and Fault Diagnosis

Industrial and cyber-physical systems generate multivariate time-series data 
that is often high-dimensional, noisy, and non-stationary. Hybrid approaches 
in this domain fuse multiple techniques to robustly detect anomalies and 
diagnose faults.

1)	 Integration Target: Generative models (e.g., autoencoders, variational 
models) + evolutionary algorithms (e.g., GA for hyperparameter tuning) 
+ domain-informed indicators (e.g., Key Performance Indicators).

2)	 Driving Objective: To exploit the redundancy and feature extraction 
capabilities of neural models while leveraging domain knowledge (KPI-
based indicators) and evolutionary search to customize architectures for 
specific industrial settings. The goal is to improve detection performance 
while reducing false positives.

3)	 Architectural Locus: Ensemble or hybrid pipelines that combine generative 
feature learning with evolutionary optimization for architecture and 
hyperparameter selection. Domain knowledge is often injected at the 
feature level.

4)	 Example: (Terbuch et al., 2023) propose a hybrid pipeline for detecting 
anomalies in multivariate industrial time-series that fuses KPI-driven 
indicators with neural models and GA-based hyperparameter tuning. 
This combination allows the system to capture both expected (rule-
based) and unexpected (data-driven) anomalies. 
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The six categories outlined above, while diverse, share a common theme: 
they are all motivated by the desire to leverage complementary strengths; 
data-driven learning for pattern abstraction, optimization techniques for 
search and control, and domain-specific priors for robustness and feasibility 
to achieve performance unattainable by a single paradigm. Several works 
explicitly discuss architecture search or optimization as a core component 
(Ding & Spector, 2023; Eslami et al., 2022; Bülbül, 2023), while others 
emphasize end-to-end integration with constraints or hardware considerations 
(Kotary et al., 2021; Li et al., 2019; Bülbül & Işık, 2024).

This taxonomy provides a high-level map of the hybrid ML landscape, 
categorizing approaches by what they integrate and why. However, 
understanding what is integrated is only half the story. The next section delves 
deeper into the how, examining the recurring architectural patterns; sequential, 
parallel, and hierarchical that define the flow of information and control 
within these hybrid systems. By mapping the categories from this taxonomy 
onto the architectural patterns of Section 2.3, we can gain a comprehensive 
understanding of how hybrid systems are constructed and why they succeed.

Table 2.2. A Taxonomy of Hybrid Machine Learning Methods

Kategori Integration 
Target (What?)

Driving 
Objective 
(Why?)

Architectural 
Locus 
(Where?)

Representative 
Works

Optimization-
Learning 
Hybrids

ML models + 
combinatorial 
solvers

Fast, 
approximate 
solutions to 
intractable 
problems; 
learned 
heuristics

ML embedded 
in solver loop 
(branching, 
cutting, search 
guidance)

Kotary et al. 
(2021)

Hardware-
Aware Hybrids

ML + 
hardware-aware 
optimization 
(CE)

Respect physical 
constraints 
(ADC, RF 
chains); reduce 
complexity

ML in 
physical-layer 
optimization 
loops

Li et al. (2019); 
Gao et al. 
(2017)

Quantum-
Classical 
Hybrids

PQCs + 
classical 
architectures + 
NAS

Leverage 
quantum 
advantage while 
mitigating 
noise; resource-
aware design

Outer classical 
search loop + 
inner quantum 
evaluation

Ding & Spector 
(2023)
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NAS & 
Hyperparameter 
Hybrids

Search 
algorithms 
+ surrogate 
models + 
architecture 
space

Automate 
model design; 
improve sample 
efficiency

Meta-level 
search loop with 
performance 
prediction

Eslami et al. 
(2022); Bülbül 
(2023); Akl et 
al. (2019)

Physics/Medical-
Informed 
Hybrids

Data-driven 
models + 
domain 
knowledge 
(physics, 
ontologies, 
KPIs)

Ensure 
consistency 
with known 
constraints; 
improve 
robustness 
under limited 
data

Modular 
pipelines; 
knowledge in 
features, loss, or 
constraints

Bülbül & Işık 
(2024); Das 
& Winter 
(2016); Losada 
& Terranova 
(2024)

Anomaly 
Detection 
Hybrids

Generative 
models + 
evolutionary 
search + 
domain 
indicators

Customize 
architectures 
for industrial 
settings; fuse 
rule-based and 
data-driven 
signals

Ensemble/
hybrid pipelines 
with feature 
fusion

Terbuch et al. 
(2023); 

2.3. Architectural Patterns and Information Flow

The taxonomy presented in Section 2.2 provides a high-level map of hybrid 
machine learning, categorizing approaches by what they integrate and why. 
However, understanding what is integrated is only half the story. The how 
the architectural blueprint that governs the interaction and information flow 
between components is equally critical to a hybrid system’s success. Different 
architectural patterns dictate how errors propagate, how knowledge is fused, 
and how the system scales with complexity. This section delves into these 
architectural blueprints, examining three fundamental patterns: sequential, 
parallel, and hierarchical architectures. By mapping the categories from our 
taxonomy onto these patterns, we gain a comprehensive understanding of 
how hybrid systems are constructed and why certain architectures are better 
suited for specific tasks.
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Figure 2.2. Modern Architectural Patterns in Hybrid Machine Learning

2.3.1. Sequential Architectures: Pipelines of Processing

In a sequential hybrid architecture, components are arranged in a chain, 
where the output of one module serves as the input to the next. This creates a 
processing pipeline, with each stage responsible for a specific transformation 
of the data or intermediate representations. This pattern is intuitive and 
modular, allowing each component to be developed, tested, and optimized 
independently for its specific subtask.

A classic example from the healthcare domain is the hybrid model proposed 
by (Bülbül and Işık, 2024) for survival prediction. Their architecture operates 
sequentially: first, a Stacked Autoencoder (SAE) denoises and reduces the 
dimensionality of the raw medical data; second, a Particle Swarm Optimization 
(PSO) algorithm tunes the hyperparameters of a classifier; and finally, a 
Softmax classifier produces the prediction. Each stage refines the output of 
the previous one, culminating in a final decision.

Similarly, in the optimization-learning hybrids surveyed by (Kotary et al., 
2021), a machine learning model is often used as a sequential preprocessor 
for a traditional solver. The ML component predicts useful heuristics or warm 
start points, which are then fed into a constrained optimizer to refine the 
solution. This pipeline leverages the pattern-recognition strengths of ML to 
accelerate the rigorous but slower optimization process.

The primary advantage of sequential architectures is their clarity and 
modularity. However, they suffer from a critical vulnerability: error propagation. 
Any error or bias introduced at an early stage is compounded and propagated 
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through the pipeline, potentially corrupting the final output. This makes the 
design of each stage, especially the first, a matter of utmost importance.

2.3.2. Parallel Architectures: Ensemble and Consensus

Parallel architectures take a different approach: multiple, often independent, 
models process the same input simultaneously, and their outputs are combined 
through a fusion mechanism to produce a final decision. This pattern is the 
foundation of ensemble learning and is particularly effective at reducing 
variance and improving robustness.

The most prominent examples of parallel architectures are bagging methods 
like Random Forests. As discussed in Section 2.1, a Random Forest trains 
numerous high-variance decision trees in parallel on bootstrap samples of the 
data. Each tree produces its own prediction, and the final output is obtained 
by averaging (for regression) or voting (for classification). The independence 
of the trees ensures that their errors are uncorrelated, and averaging smooths 
out this volatility, leading to a low-variance ensemble (Gao et al., 2017).

Parallel architectures are not limited to homogeneous ensembles. 
Heterogeneous systems also benefit from this pattern. For instance, in 
the anomaly detection framework proposed by (Terbuch et al., 2023), a 
knowledge-driven module (based on Key Performance Indicators) and a 
data-driven neural model operate in parallel. Their outputs are then fused to 
produce a more comprehensive and robust anomaly score than either could 
provide on its own. This is a classic example of late fusion, where decisions 
from diverse, parallel pathways are combined.

The key to a successful parallel architecture is diversity. If the parallel models 
are highly correlated, the ensemble’s error reduction is minimal. Ensuring 
diversity through techniques such as bootstrap sampling, feature randomness, 
or the use of fundamentally different model types (heterogeneous ensembles) 
is crucial for maximizing the benefits of parallelism.

2.3.3. Hierarchical and Multi-stage Architectures: Divide and 
Conquer

Hierarchical architectures address complexity by decomposing a problem 
into smaller, more manageable sub-problems, often organized in a tree-like or 
multi-layered structure. Specialized models are assigned to each sub-problem, 
and their outputs are progressively combined to form a global solution. This 
“divide and conquer” strategy is particularly effective for tasks with inherent 
hierarchical structure, such as image recognition (objects composed of parts) 
or natural language understanding (sentences composed of phrases).
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A distinct form of hierarchy is the outer-inner loop architecture, common 
in meta-learning and Neural Architecture Search (NAS). In these systems, 
an outer optimization loop (e.g., an evolutionary algorithm) proposes 
candidate configurations or architectures, while an inner loop evaluates them 
by training a model. (Ding and Spector’s, 2023) MEAS-PQC framework 
for quantum circuits exemplifies this pattern: the outer loop uses a multi-
objective evolutionary algorithm to search for optimal Parameterized Quantum 
Circuit (PQC) architectures, and the inner loop evaluates each candidate’s 
performance and noise resilience on quantum hardware or simulators. The 
outer and inner loops operate at different timescales and levels of abstraction, 
creating a clear hierarchy.

Similarly, in surrogate-assisted NAS, as discussed by (Eslami et al., 2022), a 
surrogate model sits in the middle of the hierarchy, predicting the performance 
of candidate architectures to avoid expensive full training. This creates a 
three-level hierarchy: the search strategy (outer loop), the surrogate predictor 
(middle layer), and the actual architecture evaluation (inner loop, used only 
for validation).

The primary advantage of hierarchical architectures is their scalability and 
ability to impose structure on complex problems. However, they come with 
increased design complexity. The decomposition into sub-problems must be 
meaningful, and the coordination between levels (e.g., how information flows 
from the inner loop to the outer loop) must be carefully managed to avoid 
bottlenecks or information loss.

2.3.4. Levels of Fusion: Early, Late, and Hybrid Integration

A concept closely related to architectural patterns is the level at which 
information from different components is fused. This fusion level significantly 
affects the system’s flexibility, robustness, and susceptibility to error propagation.

Early fusion refers to the integration of data or features at the input level. 
In a multimodal system, for instance, image pixels and text embeddings might 
be concatenated before being fed into a single neural network. In sequential 
architectures, the output of the first module (a transformed representation 
of the raw data) serves as input to the next, thereby enabling an early form 
of feature fusion.

Late fusion combines the decisions or predictions of multiple models 
after they have been generated independently. This is the hallmark of parallel 
architectures, such as the voting mechanism in Random Forests or the meta-
learner in stacking. Late fusion is generally more robust to errors in individual 



Ülker Başar  |  39

models, as a mistake in one component does not directly corrupt the internal 
representations of others.

Hybrid fusion combines elements of both. A hierarchical system might 
fuse features across multiple levels or combine intermediate representations 
from one branch with the final decision of another branch. For example, a 
deep neural network for image classification fuses low-level features (edges) 
early on, mid-level features (shapes) in middle layers, and high-level features 
(object parts) in later layers, culminating in a final class decision. This is a 
form of hierarchical fusion intrinsic to deep learning itself.

Each architectural pattern: sequential, parallel, and hierarchical, offers 
distinct trade-offs in terms of modularity, error propagation, computational 
cost, and suitability for different problem types. Table 2.3 summarizes these 
key characteristics, providing a quick reference for selecting an appropriate 
architecture for a given hybrid task.

Table 2.3. Comparison of Hybrid Architectural Patterns

Feature Sequential Parallel Hierarchical

Information Flow Linear chain Concurrent, 
independent

Tree-like, layered

Primary Advantage Modularity, 
simplicity

Robustness 
(variance reduction)

Scalability, handling 
complexity

Primary 
Disadvantage

Error propagation Computational cost, 
need for diversity

Design complexity

Fusion Level Early (feature-level) Late (decision-level) Hybrid (multi-level)

Error Propagation High (cascading) Low (errors 
isolated)

Medium (depends 
on hierarchy)

Typical Use Case Preprocessing + 
classifier pipelines 

(Bülbül & Işık, 
2024)

Ensemble methods, 
heterogeneous 
model fusion 

(Gao et al., 2017; 
Terbuch et al., 

2023)

NAS, meta-
learning, divide-

and-conquer (Ding 
& Spector, 2023; 

Eslami et al., 2022)

The architectural patterns discussed in this section, (sequential, parallel, 
and hierarchical) provide the structural blueprints for hybrid machine learning 
systems. They govern how components interact, how information flows, 
and how errors propagate. By understanding these patterns, a designer can 
make informed decisions about the overall organization of a hybrid system, 
choosing the pattern that best aligns with the problem’s structure and the 
desired trade-offs between robustness, complexity, and computational cost.
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However, an architecture is only a skeleton. To bring it to life, it must be 
coupled with effective optimization strategies that tune its components, search 
for optimal configurations, and guide the learning process. The next section 
delves into these strategies, exploring how metaheuristics, surrogate models, 
and hardware-aware optimization algorithms power the hybrid systems we 
have now classified and architected.

2.4. Optimization Strategies

The architectural patterns discussed in Section 2.3 (sequential, parallel, 
and hierarchical) provide the structural blueprints for hybrid machine learning 
systems. However, a blueprint alone does not constitute a building; it must 
be brought to life by the right construction machinery. In hybrid ML, this 
machinery is optimization. Optimization strategies are the engines that train 
model components, search for optimal architectures, tune hyperparameters, 
and enforce compliance with hardware and domain constraints. This section 
delves into the core optimization algorithms that power hybrid systems, 
examining how they navigate complex, often non-convex search spaces to 
find configurations that balance performance, efficiency, and robustness. 
We will explore four families of optimization strategies: Cross-Entropy 
methods, evolutionary algorithms and swarm intelligence, surrogate-assisted 
optimization, and hardware-aware techniques. By understanding these engines, 
we complete our picture of how hybrid systems are designed, built, and 
deployed.

Figure 2.3. Optimization Strategies in Hybrid Machine Learning
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2.4.1. Cross-Entropy Methods: Probabilistic Search in Discrete 
Spaces

The Cross-Entropy (CE) method, originally developed for rare-event 
simulation, has proven to be a powerful tool for combinatorial optimization, 
particularly in hybrid systems where decisions are discrete and the search 
space is vast. CE operates by iteratively sampling candidate solutions from a 
parameterized probability distribution, evaluating them, and then updating 
the distribution parameters to favor the generation of high-quality samples 
in subsequent iterations.

This “sample-evaluate-update” loop makes CE exceptionally well-suited 
for problems where gradient information is unavailable or meaningless, such 
as selecting optimal precoder configurations in wireless communications. Li 
et al. (2019) and Gao et al. (2017) employ CE-inspired methods to tackle 
the hybrid precoding problem in mmWave MIMO systems. Here, the goal 
is to choose a discrete set of precoders and combiners that maximize spectral 
efficiency under strict hardware constraints (e.g., low-resolution ADCs, limited 
RF chains). The CE method guides this search by maintaining a probability 
distribution over the discrete decision space, iteratively biasing it towards 
configurations that yield high spectral efficiency. This approach achieves near-
optimal performance with a fraction of the computational cost of exhaustive 
search, demonstrating the power of probabilistic search in hybrid system 
design.

In our taxonomy, CE methods are a cornerstone of hardware-aware hybrids. 
Architecturally, they often function as an outer optimization loop, making them 
a natural fit for the hierarchical patterns discussed in Section 2.3.3, where an 
outer algorithm guides the configuration of an inner system.

2.4.2. Evolutionary Algorithms and Swarm Intelligence: 
Population-Based Metaheuristics

Drawing inspiration from natural evolution and collective behavior, 
population-based metaheuristics offer another powerful class of optimization 
strategies for hybrid ML. Unlike CE, which maintains a probability distribution, 
these methods maintain a population of candidate solutions and iteratively 
improve them through competition and cooperation.

Genetic Algorithms (GA) mimic the process of natural selection. A 
population of candidate solutions (e.g., neural network architectures or 
hyperparameter sets) is evolved over generations. Individuals are evaluated 
using a fitness function (e.g., validation accuracy). The fittest individuals are 
selected to breed a new generation through crossover (combining parts of two 
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solutions) and mutation (randomly altering a solution). Ding et al. (2011) 
demonstrate the use of GA for optimizing neural network weights, while Akl 
et al. (2019) extend this concept to optimize not only hyperparameter values 
but also their positions within a deep network, a problem with a combinatorial 
explosion of possibilities. Terbuch et al. (2023) also employ GA within their 
hybrid anomaly detection pipeline to fine-tune model hyperparameters for 
specific industrial contexts.

Particle Swarm Optimization (PSO) is inspired by the social behavior of 
bird flocks or fish schools. Each “particle” in the swarm represents a candidate 
solution and moves through the search space. Its movement is guided by 
its own best-known position (personal best) and the swarm’s best-known 
position (global best). This simple yet effective mechanism allows the swarm 
to converge on optimal regions. Bülbül (2023) utilizes a variant of PSO—the 
Gray Wolf Optimizer—to tune a Multi-Layer Perceptron for medical diagnosis, 
demonstrating the algorithm’s ability to navigate the hyperparameter space 
and improve predictive performance. Zarei and Dzalilov (2009) combine 
PSO with Simulated Annealing (SA) in a hybrid approach to optimize both 
the architecture and parameters of back-propagation neural networks.

Both GA and PSO are well-suited for the outer-loop optimization 
tasks in hierarchical architectures. They explore the high-level design space 
(architectures, hyperparameters), while inner loops (e.g., gradient descent) 
handle low-level weight learning. This division of labor is a quintessential 
example of hybrid optimization in action.

2.4.3. Surrogate Models and NAS Predictors: Accelerating Search 
with Approximate Evaluations

A significant challenge in many hybrid systems, particularly in Neural 
Architecture Search (NAS), is the astronomical cost of evaluating each 
candidate. Training a deep neural network from scratch to convergence can 
take days or even weeks, making a brute-force search over thousands of 
architectures infeasible. Surrogate models offer a powerful solution by acting as 
fast, approximate predictors of candidate performance, dramatically improving 
sample efficiency.

A surrogate model is itself a machine learning model (e.g., a regression 
model, a graph neural network) trained to predict the performance of an 
architecture given its representation. Once trained, the surrogate can be used 
within the optimization loop to rapidly screen thousands of candidates, and 
only the most promising ones are selected for full training and evaluation. 
This creates a three-tiered hierarchy: the search strategy (e.g., an evolutionary 
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algorithm) proposes candidates; the surrogate model predicts their performance; 
and only the top candidates proceed to the expensive inner-loop training for 
final validation.

Eslami et al. (2022) provide a comprehensive overview of this approach in 
their work on learning a unified latent space for NAS. They leverage structural 
and symbolic information about architectures to build powerful surrogate 
predictors. This allows the search process to explore a much wider range of 
designs than would be possible with direct evaluation alone, ultimately leading 
to the discovery of higher-performing architectures. The use of surrogates 
is a prime example of a hybrid strategy at the meta-level, combining search 
algorithms with predictive models to overcome a fundamental computational 
bottleneck.

2.4.4. Hardware-Aware Optimization: Navigating the Accuracy-
Efficiency Trade-Off

In the era of edge computing and Internet of Things (IoT), a model’s 
predictive accuracy is only one facet of its performance. Its inference latency, 
energy consumption, and memory footprint are equally critical for real-world 
deployment on resource-constrained devices. Hardware-aware optimization 
explicitly incorporates these physical and operational constraints into the search 
process, transforming a single-objective problem (maximizing accuracy) into 
a multi-objective one (maximizing accuracy, minimizing latency, minimizing 
energy).

The hybrid precoding work of Li et al. (2019) is a quintessential example 
of hardware-aware optimization. The optimization objective is not just spectral 
efficiency, but spectral efficiency achievable under the constraints of low-
resolution ADCs and limited RF chains. The Cross-Entropy method they 
employ is guided by these hardware limits, ensuring that the generated precoder 
configurations are not only high-performing but also physically realizable.

In the quantum domain, Ding and Spector (2023) tackle an even more 
complex hardware-aware problem. Their MEAS-PQC framework performs 
multi-objective evolutionary architecture search for Parameterized Quantum 
Circuits (PQCs), optimizing for both task performance (e.g., accuracy in a 
reinforcement learning task) and robustness to quantum noise. Quantum noise 
is a fundamental hardware constraint of near-term devices, and by explicitly 
including it as an optimization objective, they ensure that the discovered 
circuits are not just theoretically sound but also practically viable.

Hardware-aware optimization often requires multi-objective versions of 
the algorithms discussed above, such as multi-objective GA (NSGA-II) or 
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multi-objective PSO. These algorithms maintain a population of solutions that 
represent different trade-offs along the Pareto frontier, providing the designer 
with a set of optimal choices given the specific deployment constraints.

Table 2.4. Comparison of Optimization Strategies in Hybrid ML

Strategy Working 
Principle

Strengths Weaknesses Typical Use Related 
Taxonomy

Related 
Architecture

Cross-Entropy 
(CE)

Probabilistic 
sampling, 
distribution 
update

Effective in 
discrete spaces, 
simple

May struggle 
in continuous 
spaces

Hybrid pre-
coding, feature 
selection

Hardware-
Aware

Hierarchical 
(outer loop)

Evolutionary 
Algorithm 
(GA)

Population, 
selection, 
crossover, 
mutation

Global search, 
gradient-free, 
flexible

Slow 
convergence, 
many 
parameters

NAS, 
hyperparameter 
optimization

NAS & 
Hyperparameter

Hierarchical 
(outer loop)

Particle Swarm 
(PSO)

Population-
based search, 
movement based 
on personal/
swarm best

Fast 
convergence, 
simple 
implementation

Risk of getting 
stuck in local 
minima

Weight 
optimization, 
hyperparameter 
tuning

NAS & 
Hyperparameter

Hierarchical 
(outer loop)

Surrogate 
Models

Fast proxy 
model that 
predicts 
performance

Sample 
efficiency, cost 
reduction

Dependent 
on surrogate 
model 
accuracy

NAS, 
architecture 
search

NAS & 
Hyperparameter

Hierarchical 
(intermediate 
layer)

Hardware-
Aware 
Optimization

Multi-objective 
optimization 
(accuracy + 
constraints)

Realistic, 
deployable 
solutions

Complex 
objective 
function

Edge AI, 
quantum circuit 
design

Hardware-
Aware, 
Quantum-
Classical

Parallel/
Hierarchical

Optimization is the engine that powers hybrid machine learning. From 
the probabilistic search of Cross-Entropy methods to the population-based 
evolution of GAs and PSO, from the efficiency gains of surrogate models 
to the realism of hardware-aware constraints, these strategies provide the 
means to navigate the complex, high-dimensional spaces in which hybrid 
systems operate. Together with the taxonomies of Section 2.2 and the 
architectural patterns of Section 2.3, they form a comprehensive toolkit for 
understanding, designing, and deploying hybrid models. With this foundation 
firmly established, the following chapter will demonstrate these concepts in 
action, presenting detailed case studies from healthcare, communications, 
and industrial monitoring that illustrate how theoretical principles translate 
into practical success.

3. Case Studies in Engineering and Healthcare

In previous sections, we examined why hybrid machine learning is 
necessary (NFL, complexity), how it works (bias-variance), what it combines 
(taxonomy), where it combines (architectural patterns), and which engine 



Ülker Başar  |  45

it runs on (optimization). Now, we will bring all these concepts together 
through four key case studies selected from the literature.

3.1. Case 1: Survival Prediction in Healthcare (Bülbül & Işık, 
2024)

Predicting survival after a heart attack is a challenging problem due to the 
high-dimensionality, noise, and limited sample size of medical data. Classical 
classifiers (e.g., Softmax) either overfit to such data or fail to capture complex 
patterns (high bias). Furthermore, medical datasets are often unbalanced; 
the number of surviving patients may exceed or fall short of the number of 
non-surviving patients. These challenges limit the chances of success for a 
single model.

The hybrid model proposed by Bulbul and Isik (2024) follows a three-
stage sequential architecture:

1)	 Stacked AutoEncoder (SAE): Encodes the high-dimensional raw data into 
a lower-dimensional and noise-free representation space (latent space).

2)	 Particle Swarm Optimization (PSO): Optimizes the hyperparameters of 
a classifier (Softmax) that will operate on the representations generated 
by SAE.

3)	 Softmax Classifier: Using the optimized hyperparameters, generates 
the final prediction (survival or non-survival) using the SAE output.

This case falls under the “Data-Driven and Physics/Medical-Informed 
Hybrids” category in our taxonomy. SAE is a data-driven model for 
representation learning. PSO, on the other hand, is used as an optimization 
algorithm to improve the classifier’s performance. Although it doesn’t directly 
use medical rules (ontology), the representation learned by SAE can be 
interpreted as an implicit prior knowledge of the structure of medical data.

The model has a sequential architecture. The information flow is linear:

Raw data → SAE → PSO-optimized hyperparameters → Softmax → 
Prediction.

The critical point is that the SAE’s output serves as input to the PSO 
and Softmax. In the event of error propagation, a corruption in the SAE’s 
representation will affect all subsequent steps. Therefore, proper SAE training 
is vital.

Optimization occurs at two levels:
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1)	 Inner loop: SAE and Softmax are trained using traditional gradient 
descent (backpropagation).

2)	 Outer loop: PSO optimizes the hyperparameters (e.g., learning rate, 
regularization coefficient) of the Softmax classifier. This is an example 
of hierarchical optimization (meta-heuristic in the outer loop, gradient-
based learning in the inner loop). PSO’s population-based structure 
allows it to perform a global search in the hyperparameter space, 
discovering configurations that cannot be found with manual tuning 
or grid search.

The study by Bulbul and Isik (2024) demonstrates that the hybrid model 
achieves significantly higher accuracy in survival prediction compared to a 
standalone Softmax classifier or a standard machine learning pipeline. This 
case is valuable in showing how sequential architectures and population-based 
optimization can be successfully applied in high-risk areas such as healthcare. 
The main lesson learned: In complex, high-dimensional, and noisy data, 
combining representation learning with hyperparameter optimization can 
deliver performance levels unattainable by single models.

3.2. Case 2: Hybrid Pre-coding in mmWave Communication (Li et 
al., 2019; Gao et al., 2017)

Complex precoding techniques are necessary to achieve high spectral 
efficiency in millimeter-wave (mmWave) multiple-input multiple-output 
(MIMO) systems. However, due to hardware limitations (low-resolution 
ADCs, limited RF chains), fully digital precoding is impractical. Hybrid 
precoding aims to overcome these limitations by combining analog and digital 
components. However, finding the optimal combination of analog and digital 
preencoders requires navigating a discrete and extremely large search space. 
Exhaustive search is computationally impossible, and pure machine learning 
models are insufficient to account for the hardware limitations.

Li et al. (2019) and Gao et al. (2017) proposed a hybrid approach based 
on Cross-Entropy (CE) to solve this problem. The CE method evaluates 
preencoder candidates sampled from a probabilistic distribution, selects the best 
performing ones, and updates the distribution toward these best candidates. 
This process iteratively converges toward configurations that provide high 
spectral efficiency while respecting hardware constraints.

This case is a prototypical example of the “Hardware-Aware and Wireless 
System Hybrids” category in our taxonomy. It involves an optimization 
problem where machine learning (CE’s probabilistic model) and hardware 
constraints (ADC resolution, RF chain count) are intertwined. The goal is 
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not only to maximize spectral efficiency but also to do so under physical 
constraints.

The model can be thought of as a hierarchical outer-loop/inner-loop 
architecture:

1)	 Outer loop: The CE algorithm navigates the search space by updating 
the probability distribution.

2)	 Inner loop: Each sampled candidate preencoder configuration is evaluated 
with a channel capacity calculation function (or simulation). While this 
inner loop is not as costly as training a machine learning model, it still 
introduces a computational overhead. Thanks to CE’s efficiency, the 
number of these evaluations is minimized.

The optimization strategy is the Cross-Entropy (CE) method. In this 
context, CE operates as a gradient-free optimization algorithm. Its effectiveness 
in a discrete decision space (which preencoder to choose) and its probabilistic 
nature strike a good balance between exploration and exploitation. Furthermore, 
the method provides hardware-aware optimization by directly incorporating 
hardware constraints into the search space (e.g., allowing only specific ADC 
configurations).

Li and Gao’s work demonstrates that the CE-based hybrid approach reduces 
computational complexity several-fold while achieving spectral efficiency close 
to that of the full search method. This case proves how effective probabilistic 
search methods are compared to pure optimization or pure learning methods, 
especially for discrete optimization problems under hardware constraints. The 
main lesson learned: Integrating real-world constraints (physics, hardware) 
into the optimization process produces solutions that are not only theoretically 
optimal but also practically feasible.

3.3. Case 3: Anomaly Detection in Industrial Time Series (Terbuch 
et al., 2023)

In industrial systems (e.g., power plants, production lines), anomaly 
detection is critical for predicting equipment failures and ensuring safety. 
Multivariate time-series data from these systems are often high-dimensional, 
noisy, and non-stationary. Furthermore, the boundaries between normal 
operating conditions (nominal behavior) and abnormal states can be blurred. 
A single model (e.g., only an autoencoder or only a rule-based system) is 
insufficient to simultaneously detect both expected (rule-based) and unexpected 
(data-driven) anomalies.
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The hybrid pipeline proposed by Terbuch et al. (2023) combines three 
different information sources:

1)	 KPI (Key Performance Indicator) Guided Modules: Expert-defined rules 
or indicators that reflect the physical information and operational limits 
of the system.

2)	 Data-Driven Neural Models: Models, such as autoencoders, that learn 
normal patterns in the data and detect deviations.

3)	 Hyperparameter Optimization with Genetic Algorithm (GA): A meta-
heuristic algorithm that optimizes both the threshold values ​​of the KPI 
modules and the hyperparameters of the neural models according to a 
specific industrial context.

This case falls under the “Hybrid Time-Series Anomaly Detection and 
Fault Diagnosis” category in our taxonomy. It is also closely related to the 
“Data-Driven and Physics/Medical-Informed Hybrids” category because 
it combines domain information (KPIs) with data-driven learning (neural 
models). The use of GA also connects it to the NAS & Hyperparameter 
Hybrids category. This case is a rich example demonstrating how multiple 
hybrid categories can overlap.

The model exhibits a hybrid architecture:

	• KPI modules and neural models operate in parallel; both process the 
same input (raw time series) and generate their own anomaly scores.

	• These scores are then combined in a fusion layer to create a final anomaly 
decision (late fusion).

	• GA, on the other hand, operates outside this parallel structure as a 
hierarchical outer loop, optimizing both the KPI thresholds and the 
hyperparameters of the neural models.

The optimization strategy is based on a Genetic Algorithm (GA). The 
GA performs a population-based search without any gradient information 
about the search space (KPI thresholds, neural model hyperparameters). Each 
candidate solution (a set of thresholds and hyperparameters) is evaluated 
(fitness) based on the anomaly detection performance of the hybrid model on 
a validation dataset. The population is evolved with selection, crossover, and 
mutation operators. This demonstrates how population-based meta-heuristic 
optimization can be used to simultaneously tune multiple components of a 
hybrid system.
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The study by Terbuch et al. (2023) shows that combining KPI-driven rules 
with data-driven models significantly improves anomaly detection performance 
compared to using either approach alone. GA-based optimization provides 
flexibility by enabling this combined system to adapt to different industrial 
contexts. The main lesson learned: In complex industrial problems, parallel 
architectures that combine domain knowledge (rules) with data-driven learning 
(neural models) offer a more robust and comprehensive solution to both 
expected and unexpected anomalies.

3.4. Case 4: Searching for a Multipurpose Evolutionary 
Architecture for Quantum Circuits (Ding & Spector, 2023)

Parameterized Quantum Circuits (PQCs) are a promising approach 
to harnessing the potential of quantum computers. However, designing 
an effective PQC architecture is far more challenging than searching for 
architectures for classical neural networks. Quantum circuits are subject to 
unique hardware constraints such as quantum noise, decoherence, and a 
limited number of qubits. The performance of a PQC should be measured 
not only by how well it learns the task but also by how noise-tolerant it is on 
the current quantum hardware. This renders traditional NAS methods, which 
optimize for a single objective (e.g., accuracy alone), insufficient.

Ding and Spector (2023) proposed a framework, MEAS-PQC (Multi-
Objective Evolutionary Architecture Search for Parameterized Quantum 
Circuits), to address this challenge. MEAS-PQC searches for PQC architectures 
using a multi-objective evolutionary algorithm. The objective functions include 
not only task performance (e.g., success in a classification or reinforcement 
learning task) but also the circuit’s robustness to quantum noise. In this way, 
quantum circuits that are both high-performance and noise-tolerant, i.e., 
“useful,” are discovered.

This case is one of the most current examples of the “Quantum-Classical 
Hybrid Learning Systems” category in our taxonomy. It also has strong links 
to the NAS & Hyperparameter Hybrids category due to its use of evolutionary 
algorithms, and to the Hardware-Aware Hybrids category due to its hardware-
awareness (quantum noise). This case demonstrates how advanced hybrid 
systems can encompass multiple taxonomic categories.

MEAS-PQC has a clear hierarchical outer-loop/inner-loop architecture:

1)	 Outer loop: A multi-objective evolutionary algorithm (e.g., NSGA-
II) manages a population of PQC architectures. Each individual 
(architecture) represents a set of quantum gates and their connections.



50  |  Hybrid Methods of Machine Learning: Taxonomies, Architectures, and Optimization

2)	 Inner loop: Each candidate PQC architecture is evaluated on a quantum 
simulator or real quantum hardware. This evaluation calculates both 
task performance (e.g., accuracy achieved at the end of a training cycle) 
and performance under a noise model (robustness).

The outer loop generates new generations of candidates based on the 
results of these multi-objective evaluations.

The optimization strategy is based on a multi-objective evolutionary 
algorithm (MOEA). This approach identifies multiple optimal solutions on the 
Pareto frontier rather than a single optimal solution. Each point on the Pareto 
frontier represents a different trade-off between two objectives (performance 
and noise stability). This gives quantum researchers the flexibility to choose 
the most suitable circuit based on the noise level of the hardware at their 
disposal and the importance of the task. MOEAs are an ideal choice for such 
problems because they are gradient-free, population-based, and multi-objective.

Ding and Spector’s (2023) MEAS-PQC study emphasizes the importance 
of multi-objective optimization in the field of quantum machine learning. While 
conventional single-objective NAS methods may produce high-performance 
yet noise-fragile circuits, the circuits discovered by MEAS-PQC can operate 
more reliably on noisy real-world quantum processors. The main lesson derived 
is that in computational paradigms with novel and unique constraints, such 
as quantum computing, multi-objective, hardware-aware, and evolutionary 
optimization strategies provide far more valuable and practical solutions than 
purely performance-oriented approaches.

The four case studies presented in this section (ranging from healthcare 
and communications to industrial monitoring and quantum computing) 
demonstrate the power and versatility of hybrid machine learning. Each case 
tackles a unique set of challenges by combining different learning paradigms, 
architectural patterns, and optimization strategies. Table 3.1 summarizes 
these case studies within the unified framework developed throughout this 
book, linking them to the taxonomy, architectural patterns, and optimization 
strategies discussed in Chapter 2. This synthesis underscores that while the 
application domains differ widely, the underlying principles of hybridization 
remain consistent.



Ülker Başar  |  51

Table 3.1. Summary of Case Studies

Case Domain Core Challenge Taxonomy 
Category

Architectural 
Pattern

Optimization 
Strategy

Bülbül & 
Işık (2024)

Healthcare 
(Medical 
Prediction)

High 
dimensionality, 
noise, limited 
data

Data-Driven 
& Medical-
Informed

Sequential PSO 
(hyperparameter 
optimization) 
+ Gradient 
Descent (SAE 
training)

Li et al. 
(2019); Gao 
et al. (2017)

Communicati-
ons (mmWave 
MIMO)

Discrete decision 
space, hardware 
constraints

Hardware-Aware Hierarchical 
(outer-loop CE)

Cross-Entropy 
(CE)

Terbuch et 
al. (2023)

Industrial 
Anomaly 
Detection

Rule-based + 
data-driven 
fusion, context 
adaptation

Anomaly 
Detection 
+ Domain-
Informed

Parallel (KPI 
+ Neural) + 
Hierarchical (GA 
outer loop)

Genetic 
Algorithm (GA)

Ding & 
Spector 
(2023)

Quantum 
Computing

Quantum noise, 
multi-objective 
trade-off

Quantum-
Classical + NAS 
+ Hardware-
Aware

Hierarchical 
(outer-loop 
MOEA)

Multi-Objective 
Evolutionary 
Algorithm 
(MOEA)

These case studies illuminate the journey from theoretical principles to 
practical solutions. They show that the “No Free Lunch” theorem is not a dead 
end, but a starting point for creative, problem-aware design. They demonstrate 
that the increasing complexity of real-world data demands architectures that 
go beyond a single model. They reveal that managing bias and variance, 
integrating diverse components, and navigating constrained search spaces are 
not abstract exercises, but essential skills for building systems that work in 
the real world. With this practical understanding in hand, the final chapter of 
this book looks to the future, exploring emerging trends and open challenges 
in the rapidly evolving field of hybrid machine learning.

4. Conclusion and Future Directions

Throughout this chapter, we have embarked on a comprehensive journey 
through the landscape of hybrid machine learning. Starting from the 
fundamental limitations imposed by the No Free Lunch theorem, we dissected 
the increasing complexity of real-world data and the consequent violations 
of the assumptions of singular models. We then built a unified framework 
encompassing taxonomies, architectural patterns, and optimization strategies, 
grounding each concept in concrete examples from the literature. Finally, we 
witnessed this framework in action through four diverse case studies. This 
concluding chapter synthesizes the key insights from our exploration, outlines 
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the emerging trends shaping the future of hybrid ML, and identifies the open 
challenges that await researchers and practitioners in this dynamic field.

4.1. Synthesis of Key Findings

The central thesis of this work, rooted in the No Free Lunch theorem 
(Wolpert & Macready, 1997), is that the pursuit of a single, universally superior 
model is a futile endeavor. Success in machine learning is not an inherent 
property of an algorithm but a measure of its compatibility with the specific 
structure and constraints of a given problem. The increasing complexity of 
modern data—its high dimensionality, heterogeneity, non-stationarity, and the 
ubiquity of physical constraints—systematically violates the core assumptions 
(IID, fixed inductive biases) upon which singular models rely, rendering them 
inadequate in practice (see Section 1.2).

Hybrid machine learning emerges not merely as a performance-enhancing 
trick but as a theoretically grounded necessity to address this inadequacy. 
By integrating multiple learning paradigms, hybrid systems transcend the 
classical bias-variance trade-off. As demonstrated in Section 2.1, ensemble 
methods like bagging and boosting, and metaheuristic-driven architecture 
searches allow for the simultaneous management of bias and variance, a 
feat unattainable by any singular model. Our proposed taxonomy (Section 
2.2) provides a structured way to navigate the vast space of hybrid designs, 
categorizing them by what they integrate (e.g., learning with optimization, 
data with domain knowledge), why they integrate it, and where in the pipeline 
this integration occurs.

Furthermore, the architectural blueprints and optimization strategies 
examined in Sections 2.3 and 2.4 reveal that the how is just as critical as the 
what. Whether through sequential pipelines (Bülbül & Işık, 2024), parallel 
ensembles (Gao et al., 2017), hierarchical outer-inner loops (Ding & Spector, 
2023), or the use of gradient-free optimizers like Cross-Entropy and Genetic 
Algorithms (Li et al., 2019; Terbuch et al., 2023), the success of a hybrid 
system hinges on a thoughtful design that aligns its structure with the problem’s 
demands. The case studies in Chapter 3 vividly illustrate this principle, showing 
how different combinations of these elements lead to robust, efficient, and 
deployable solutions across healthcare, communications, industrial monitoring, 
and quantum computing.
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4.2. Emerging Trends and Open Challenges

The field of hybrid machine learning is far from static; it is continuously 
shaped by new computational paradigms, societal needs, and theoretical 
advancements. Several key trends are poised to define its future trajectory.

Just as AutoML aims to automate the design of single models, the next 
frontier is the automated discovery of hybrid systems. The taxonomy presented 
in this book could serve as a foundational ontology for such systems, in 
which a meta-learner could analyze a problem’s characteristics and propose 
not just a single algorithm but an optimal combination of paradigms, an 
architectural pattern, and an optimization strategy. The primary challenge lies 
in the astronomical size of this hybrid design space, necessitating advances 
in meta-learning and efficient surrogate-assisted search (Eslami et al., 2022).

LLMs are evolving from text generators into general-purpose reasoning 
engines. A powerful hybrid trend involves using LLMs as controllers or 
orchestrators that decompose complex user queries into subtasks, invoke 
specialized tools (e.g., symbolic solvers, physical simulators, traditional ML 
models), and synthesize the results. This neuro-symbolic approach (Section 1.1) 
promises to combine the flexible understanding of LLMs with the precision 
and verifiability of classical systems. Open challenges include mitigating LLM 
hallucinations and ensuring the reliability of the overall hybrid pipeline.

Federated learning (FL) inherently faces a hybrid challenge: balancing a 
global model with the diverse, non-IID data distributions across local clients. 
Future FL systems will likely be hybrid themselves, employing personalized 
local models that share knowledge through meta-learning or transfer learning 
while maintaining privacy. Architecturally, this points to sophisticated parallel 
and hierarchical designs in which client-level and server-level optimization 
loops interact.

As ML permeates high-stakes domains, the demand for interpretable models 
grows. Hybrid systems offer a promising path forward by, for instance, using 
a symbolic rule-based system to provide explanations for a neural network’s 
decisions, or by incorporating uncertainty-aware methods such as evidential 
learning (Hu et al., 2019). The key challenge is to design these systems so 
that the explanatory component is both faithful to the underlying model and 
comprehensible to the end-user, without excessively sacrificing predictive 
performance.

The environmental impact of large-scale ML training and deployment is a 
growing concern. This reinforces the need for hardware-aware optimization 
(Li et al., 2019) and multi-objective approaches that explicitly trade off 
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accuracy against energy consumption and latency (Ding & Spector, 2023). 
Future research will focus on developing even more efficient optimization 
algorithms and architectural patterns that push the Pareto frontier of the 
accuracy-efficiency trade-off, making hybrid ML a key enabler of green and 
sustainable artificial intelligence.

4.3. Final Remarks

The journey through hybrid machine learning reveals a fundamental truth: 
in a world of infinite problem complexity, the quest for a single, all-powerful 
algorithm is a mirage. The real power lies not in any one method, but in the 
thoughtful and creative synthesis of multiple paradigms. Hybrid ML is not 
merely a collection of techniques; it is a mindset—an approach that views each 
problem as a unique puzzle, to be solved by assembling the right combination 
of tools, architectures, and optimization strategies.

As we look to the future, the boundaries between learning, reasoning, and 
optimization will continue to blur. The integration of data-driven models 
with symbolic knowledge, of classical algorithms with quantum components, 
and of global objectives with local, hardware-aware constraints will define 
the next generation of intelligent systems. We hope this book serves as both 
a foundational reference and an inspiration for researchers and practitioners 
to explore this rich and rewarding landscape, building hybrid solutions that 
are not only more powerful, but also more robust, interpretable, and aligned 
with the complex needs of our world.
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